Abstract We present the results of a study of environmental carbon monoxide pollution that uses a set of tracked, mobile pollution sensors. The motivating concept is that we will be able to map pollution and other properties of the real world at a fine scale if we can deploy a large set of sensors with members of the general public who would carry them as they go about their normal everyday activities. To prove the viability of this concept we have to demonstrate that data gathered in an ad hoc manner is reliable enough in order to allow us to build interesting geo-temporal maps. We present a trial using a small number of global positioning system-tracked CO sensors. From analysis of raw GPS logs we find some well-known spatial and temporal properties of CO. Further, by processing the GPS logs we can find fine-grained variations in pollution readings such as when crossing roads. We then discuss the space of possibilities that may be enabled by tracking sensors around the urban environment-both in getting at personal experience of properties of the environment and in making summative maps to predict future conditions. Although we present a study of CO, the techniques will be applicable to other environmental properties such as radio signal strength, noise, temperature, humidity and so on.
Introduction
Increasingly, the general public are carrying electronic devices whilst they are mobile. Whilst these devices are being miniaturised and integrated in wearable artefacts and even clothing, they are also increasing in power and broadening in capability. They are becoming ubiquitous platforms upon which a wide range of applications might be built. One way in which the range of applications might be expanded is to incorporate sensors that monitor the user and their environment.
In this paper, we explore the area of personal monitoring of environmental effects. Whilst there is a lot of interest in static sensor networks, such as the GlacsWeb system [1] , a system of small communicating sensors for monitoring glaciers, we believe there is a large area of potential applications of monitoring that could be carried out by people carrying low cost devices. From an environmental monitoring point of view, the potential of sensor networks in general is that by using large numbers of cheap sensors, phenomena that are active over a long time and a large geographical scale can be observed at much reduced cost [2] . One of the main challenges in deploying such systems is in creating a network amongst these sensors that communicates results back to the scientists. We can bypass this problem by making the sensors themselves mobile, storing the data locally and thus uploading data reliably when a suitable service becomes available. If we also track our sensors, we can make geographic maps of an environmental effect at a much more detailed level that would otherwise be possible. Mobility also gives a broader range of sensing conditions and those conditions can better represent an individual's personal experience of the environmental effect in question. We suggest that tracked mobile sensor networks are an interesting complement to fixed sensor networks because they open up a new space of applications.
We want to demonstrate these ideas with an urban pollution monitoring application. Pollution is an important issue in many cities and there are various guidelines and laws regulating acceptable levels (see Section 2 for examples). In some cities there is archival data about various pollutants that goes back 30 years or more. Archival data provides us with a type of ground truth reading with which to compare our own readings. Such archival data will only be for a small number of fixed points, perhaps no more than 1 km 2 even in the most densely sampled regions. However, because one of the sources of pollution is traffic and because pollutants are dispersed by wind and rain, the actual pollution level can vary at a very fine scale. We thus propose to deploy a set of mobile sensors carried by commuters that can fill in the gaps between fixed sensor readings. We claim it is not necessary to put thousands of fixed sensors out in to the environment; rather we can find out the nature of spatial and temporal variation by using a smaller number of tracked mobile sensors. We would hope to be able to answer questions such as how much variation is there in an area, and over what scale do changes occur; questions that are impossible to answer with a fixed sensor network without deploying numerous of sensors. Such questions apply to a host of properties that might be sensed by cheap mobile sensors.
We present a study of carbon monoxide (CO) pollution that uses a small set of mobile CO sensors. The sensors are tracked using the global positioning system (GPS). Our task in this study was twofold. First, we wanted to demonstrate that we could find small scale variations in CO that would be expected based on knowledge about how CO behaves, such as variation over the day, and rises in CO near idling traffic. Finding such effects will give us confidence that maps we generate at a larger scale have some validity. We choose to study pollution rather than, say, noise, because of the availability of archival data and the presence of existing fixed sensors. Second, we wanted to investigate the issues of using GPS traces in a situation where error in location reading might be critical.
We find that we can identify expected features of pollution. Without any processing on the GPS logs, we show that we can identify regional variations on the scale of 50 m or so. For example we find that on average a relatively traffic free square has a lower CO value than a busier road. If we process the GPS logs using other information then we can isolate hot spots such as bus stops and road crossings. This demonstrates that we can map environmental effects reliably with our approach.
In the following section, we will present some related work on environmental sensing and correction of GPS. Then in Section 3 we will outline the sensor package and trials we have undertaken. In Section 4, we give an overview of the type and quality of data that we can capture. Then in Section 5 we discuss more detailed effects that can be found in the data by postprocessing the GPS logs. In Section 6, we will then generalise and discuss tools that should be more applicable to processing tracked data logs. We also discuss how we have achieved the original objectives of proving we could find known properties of CO in the urban environment and how the sensor packages we have might enable new modes of pollution survey. Finally, we conclude and present plans for future work both with CO monitoring and in general with tracked sensing.
Related work
The pollutant we have chosen to study in this proof-ofconcept trial is CO. Transport makes the greatest contribution to CO levels and CO affects urban areas more significantly than rural areas. For example, in the United Kingdom overall CO levels have fallen since the 1970s, averaging 1 mg/m 3 [3] . In other areas of the world, especially rapidly growing urban areas, CO is rising.
The air quality site contains archive data from over 1500 UK monitoring stations going back in some instances to 1972 [4] . Such data sources give a good picture of variation from urban to rural areas, the annual cycles and long-term trends. In urban areas some sense of geographic variation is conveyed by the difference in readings between kerbside sensors and sensors placed in green-field areas away from pollutant sources where CO is close to the background level. However, fixed sensors do not capture or characterise the detail of per street variation. Indeed these sensors might not be representative, and they almost certainly do not show the highest levels achieved.
CO disperses over a matter of hours, but Croxford et al. [5] have shown that this is affected by local street configuration. Croxford's study used a cluster of sensors in fixed placements in a small area around University College London (UCL), UK. An example set of air guidelines is The Air Quality Strategy for England, Scotland, Wales and Northern Ireland [6] , which suggests a standard of 10 ppm (11.6 mg/m 3 ) running 8-h mean. In the vicinity of UCL, the Croxford study found a peak CO concentration of 12 ppm, but nearby sensors reported much lower values near the background level for CO. Thus, moving pedestrians or vehicles would probably not experience this peak for a long period. Similar results were obtained by Milton and Steed [7] in another part of London, where variation in concentration along the lengths of two streets was investigated. That trial used the same sensing technology as we describe in this paper. However that study was longitudinal in nature: the same large area was visited infrequently over several months. In contrast, in this paper we focus on a relatively short period of data gathering and a small geographic area, with the intention of building maps of pollution at a per street level.
Our approach to bridging this gap between large, sparse and small, dense studies is to use tracked mobile sensors that are carried by pedestrians or mounted on vehicles. There are several other approaches that aim to increase understanding of pollution variation using different sensor deployment strategies. Examples include the dense sensor network of the Discovery Net eScience project [8] , and the combined sensing and air flow modelling approach of DAPPLE [9] .
A significant issue in understanding tracked logs is in interpreting and correcting GPS readings. GPS is of course a very significant area of research and there are many existing and upcoming enhancements to GPS that can improve its accuracy [10] . However, we wanted to focus on consumer-level GPS because we anticipate sensor package cost being a primary concern when deploying large networks. We also did not want to weigh down the carriers, nor burden them with any device configuration tasks. Indeed, in our trials the user simply had to power on the devices before going outside. In an urban environment, especially in a densely built city such as London, where the buildings are typically close to or higher than the road width, we do not expect to get a GPS fix 100% of the time [11] . However we achieve results that are quite similar to other tests of un-enhanced GPS tracked devices in London [12] . In addition to this, we accept that GPS errors caused by building layout will be consistent in some areas of the study and will have an influence on our analysis of the CO data as shown in Ref. [7] .
Finally, we note that there are parallels to the technologically motivated work on mapping of availability for various types of communication service. A good exemplar is systems that monitor Wi-Fi signal strength in order to indicate areas of reliable coverage such as [13] . While similar in technology because this is a mobile application that involves environmental sensing, radio waves in this case, they have a completely different aim. They are active systems, in that the user model is to interactively use the maps to get a better service. Ours are passive systems, in that the user is not directly involved in the sensing, and is not expected to use the data interactively. In particular, if GPS is not giving a fix, or the sensor is not working, the user is not disappointed or hindered in their normal activity. We might say that our type of mobile monitoring is parasitic in nature.
Trial description

Overview
The device we will describe is small and fits comfortably in an outside pocket of a rucksack. It is light enough to not be a burden, and during preliminary testing one of the authors carried the device to and from work every day for a couple of months. In future scenarios, we envisage this being a typical mode of use; maps will be built by people carrying such devices about their everyday travel. They would be motivated to do this by being involved in a large-scale scientific data gathering exercise where their data contribution would lead to a model and understanding that would be of benefit to the whole community. They might also learn about their own exposure and change their behaviour to avoid particular areas that are badly polluted.
To get a dense set of data in order to look at the issues of understanding tracked sensor data we started with a focused trial that looks at a small area of London. We collaborated with members of the dispersion of air pollution and penetration into the local environment (DAPPLE) project [9] , which studied a site on Marylebone Road in central London. This site is in a street canyon intersection with a lot of heavy traffic, thus it should provide high and variable readings that our sensors should detect. The DAPPLE project placed a number of sensitive fixed sensors in the environment that covered CO and particulates as well as weather stations and anemometers. They also had people carrying un-tracked sensors around.
We participated in two weeks of data gathering. On both weeks we collected data with pedestrians. On the second week we additionally collected data from cyclists.
Equipment
The equipment used consisted of a standard PocketPC PDA running our own data logging software, an ICOM device to measure CO and a GPS unit. The type of PDA was not important, and the PDA simply functioned as a data logger with a small diagnostic display to assist with starting the software and verifying log files at the finish. The ICOM is designed as a CO data logger, but we used it in real-time mode where it reports a CO reading every second. Two types of GPS units were used: the first a commercial HAICOM unit which plugs straight into a PDA; the second a ''White Box'' type that connects to the PDA via a compact flash serial card. The ''white box'' type was a unit we assembled ourselves using a GARMIN chipset and its own battery. All the equipment was colour coded and divided into separate sets. The sets were colour coded and parts were never swapped between sets. This allows for easy tracking of the equipment used for each sample run ( Fig. 1) .
In use the equipment is placed in a rucksack to allow hands free operation. The GPS aerial was attached to the top of the pack with Velcro. All the pollution monitors were placed in a pocket open to the air on the right-hand side of the pack, unless otherwise noted. It is possible to place two packs of equipment into one rucksack and have a CO monitor on both the left and right sides.
Immediately after being switched on, the ICOM units give artificially high CO readings. For this reason, any readings taken in the first 20-30 s are unreliable.
Data is sampled once every second from the ICOM CO sensor, combined with the last valid GPS fix and written to a log file on the PDA. Every time the software on the PDA is run, both a GPS log file and a pollution log file are created with a filename that includes the current timestamp. After data collection, these files are uploaded to a database server for analysis.
In principle it would not be difficult to extend the software and hardware to support opportunistic upload of data to a server when the PDA came in to range of a wireless network. We chose not to do this because it would have required a different type of PDA that we did not have available in sufficient numbers at the time of the trial. It would also have added some unreliability to the system.
System overview
The log files collected on the PDAs were uploaded to another computer at the end of the day. These log files were then uploaded to a database server via a web server. A Java program converted the logs into XML and posted these to a web server using an HTTP-POST message.
The combined web server and database server was a Linux machine running Apache Tomcat Version 5.0.18 and Postgres Version 7.4.5. The ingestion software was written as a Java Servlet that takes the XML information and ingests it into the database.
Two pieces of bespoke software were used to analyse the data collected. Single log files were examined using a Java program that displays a top down view of the recorded GPS position and colour-coded CO level on top of an aerial map. The second piece of software generates 3D visualisations of the area showing various data including the paths traversed and the mean CO values [14] . This software was written as a CGI program in C++. Parameters in the query string passed to the CGI program control the area displayed, the time range of the data and how the data is displayed. The program generates a VRML file for display on the user's browser.
Database structure
The Postgres database contains two main data tables; the 'carbon monoxide' table contains all of the sensor data, GPS data and time information while the 'carbon monoxide path' table has one entry for each log file uploaded. This allows the original data file to be recreated if necessary. By joining the two tables, the GPS path or the CO data for specific routes can be retrieved. The sensor ID number, start time and finish time from the 'carbon monoxide path' table form a unique key into the 'carbon monoxide' table as a sensor can never be in two places at once. Fig. 1 The ICOM CO sensor on the left, the PDA in the middle and the GPS aerial on the right. The HAICOM GPS unit can just be seen sticking out of the top of the PDA
Visualization
The method of plotting the data was to divide the area into grid squares of between 20 and 5 m spacing and to place data points into the correct square based on GPS position. The mean and variance for each square can then be calculated and plotted. By altering the size of the grid squares, the data can be plotted to within the accuracy limits imposed by the GPS positional error.
Routes
Two routes along the length of Marylebone Road were used for most of the walking in addition to both walking and cycling around the cycle route (see Fig. 2 ). Marylebone Road is a roughly east-west street and the stretch of road we used has heavy traffic with many buses and bus stops. We thus expect to get high readings and high variation in readings on this stretch. On other occasions, exploratory routes around the area were tried. The use of fixed routes for some trials was to ensure reliability and repeatability of results. The use of more exploratory walks was to investigate variation in the local area to see if there were anomalous highs or lows nearby and to start building a local map of CO. Both walking routes can be walked in either direction and on the north or south sides. Due to the one-way streets on the cycle route, the cyclists must always travel the same way round, while pedestrians can walk the cycle route in reverse. The route taken and direction of walking is noted in the experiment log, allowing the accuracy of the GPS traces to be verified.
Between two and four collectors went on up to four excursions each day at around 10:30, 11:30, 14:00 and 15:00. Each excursion was roughly 45 min.
For every route covered, the colour of pack used was recorded, along with the route taken. This might be as simple as 'Marylebone Road north walking route, Green Pack', or could include a map showing which roads were walked. These maps were later used to add comment information to the log files and help with identifying the route taken from the GPS data (Fig. 3 ).
Overall results and quality of data
During the data collection period, log files from 87 sample runs were collected, resulting in 227,496 separate data points. During the 2-week sampling period, a number of equipment problems were encountered. These resulted in the loss of three sample runs due to the GPS not being switched on and seven sample runs where all or some of the data was lost due to the ICOM sensors not being switched on or the leads coming loose. There were a number of problems due to the stability of the PDAs resulting in the loss of nine sample runs. With further attention to design of the equipment, physical and software reliability could be improved, but we also note that in longer trials, infrequent unreliability of the majority of device or persistent unreliability of a small number of devices is not a problem because the user is only passively collecting data, and the density of collection will mean that readings from other devices will compensate.
Reliability of GPS in an urban environment
On the first day of data collection, only 61 GPS positions were recorded out of a possible 5,806 (61 s out of 1.6 h). This was partly due to using the HAICOM GPS units that provided a higher level of accuracy but with a reduced sensitivity. On all subsequent days the white box GPS units were used, which are less accurate, but more sensitive. Using these units, the percentage of data points with corresponding GPS positions was raised to 42.8%, which still amounts to 34.6 h of collection time over 2 weeks. However, a log without GPS is still useful for some forms of analysis (see Section 5.3). By comparing daily GPS data for the pedestrians and cyclists, it can be seen that the cyclists have a marginally higher percentage of valid GPS positions which might be expected because they travel nearer the centre of the urban canyons (see Table 1 ). The final percentages for all the data collected show that for the pedestrians, 42.8% have a valid GPS position while for cyclists this figure is 45.9%.
GPS accuracy
With the GPS data, the situation is complicated by the fact that the positional accuracy is not just contaminated by noise. Due to multi-path reflections and the path to satellites being obscured by close proximity to tall buildings, positions can be consistently inaccurate but still contain a shape that matches a junction layout, even if that shape is displaced. Traces often drift, reaching 20 m or more from the true location before suddenly jumping back when a junction is reached and alternative satellites are visible for the position fix. The positional accuracy of the GPS data is impossible to quantify unless the true position is known using another method. One of the traces contains 30 min of data from a known static location at a junction where the GPS position can be seen to drift around the centre of the road. By playing back the samples in real-time, obvious discrepancies in the GPS position become apparent at points where pedestrians wait to cross the road.
ICOM accuracy
The quoted tolerance of the ICOM CO sensors is ±5%, with a small amount of noise that can be seen from the collected traces. The nature of the CO levels being measured is such that it can change very rapidly and returning to the same geographical position after a few minutes can yield significantly different results. In order to test how closely matched the sensors are, a number of tests were carried out where two ICOMs were carried in the same pack. The results show a very good level of coherence (Fig. 4) .
After analysing the CO data recorded by the sensors, the range of values of most interest is between 0.3 and 5.0 ppm. Although much larger values do occur, they are very rare and their location is of more interest than their value. The base level of 0.3 ppm corresponds to the global background CO level. There will never be any values below this due to the way that the ICOM devices are calibrated.
Detected variations in CO
In this section, we discuss some of the variations that we were able to detect with the tracked mobile sensors. We start by showing that we can detect gross regional differences that we might expect between heavy traffic and light traffic areas. We can also find event-related phenomena, in particular peaks when crossing roads. We then analyse the GPS logs to show that, although unreliable in absolute coordinates, they do reveal behaviour at a fine scale and these behaviours can be spotted and used to reason further about location. Finally, we find that the mode of transport has an effect. This is significant as it shows that we need to be sensitive to how our passive data collection is done. Although we will be talking about CO, it is important to bear in mind that similar stages would be needed in building confidence and then analysing the reliability of any form of mobile monitoring. 
Gross geographical features in the data
Around the north part of the cycle route is Dorset Square (see Fig. 2 or Fig. 5 ). This has a bus stop to the east, a grass area in the middle and a quiet street to the west that has very little traffic. Throughout the collection period, there were noticeably lower levels of CO on the west side of Dorset Square than the east as would be predicted based on knowledge of how traffic produces CO.
In addition to this feature around Dorset Square, it was also noticed that the Dorset Street (the roughly east-west street at the south of the lower loop of cycling route) often contained high CO peaks. The data for this area shows that CO levels often build up at the crossroads at either end of Dorset Street at the junctions with Baker Street and Gloucester Place (the two roads forming the north-south edges of the lower loop of the cycling route).
One final feature that was highlighted on a composite chart of the area showing both mean and variance is the fact that the section of Baker Street south of Marylebone Road (the east-most, almost north-south part of the lower loop) has consistently low to moderate levels of CO. This might be due to the fact that traffic flows freely along this section with no traffic lights or junctions until it meets with Dorset Street.
These features can be only be detected by repeated visits to the area. On a particular run, these features might not appear; the traffic might be unusually quiet or there might be a parked truck with an idling engine. In fact, by looking solely at the mean CO level, there is little variation and most areas are close to the background level. However with repeated visits, it is clear Fig. 4 The graph shows identical traces from two ICOMs except for a small divergence around the 2129 sample from the variance, that certain areas have a higher likelihood of having higher levels of CO.
Recorded CO levels when crossing roads
As all the pedestrian routes involve crossing roads at some point, there is a significant amount of data available in the middle of the road. Road traffic is the main source of CO in the environment, so for our application it would be desirable to be able to identify these occurrences. The problem is how to detect when a sensor crosses the road, from the relatively poor GPS positioning information. One route stands out as a good example of road crossings, which was recorded on 10 May 2004 from 15:39 (Figs. 6, 7) . The highest peak occurs between points D and E just off of Marylebone Road. The trough is reached at point E on the south side of Marylebone Road. Contrast this with the next point E just after 30 min where there is no significant increase in CO when crossing at the same point.
Points A and J are both at traffic lights on major intersections and high levels of CO were seen at both these turnings, although in this trace, only A shows a peak.
Point B is a very slow crossing over six lanes of Marylebone Road with a wait at the island in the middle. Due to the time taken to cross and the large amount of traffic, points near here often show a peak, with points near G also having a similar characteristic. The actual positioning of this point in the trace is determined more by when the GPS is stationary than the actual reported position. Often, the trace will show the shape of the crossing, which is displaced from the junction and split in the middle of the road. It is harder to determine for cyclists who cycle straight across the road.
The crossing at point G is by far the worst part of the cycle route, whether cycling or walking. Both walkers and cyclists must either dash across a fourlane road or pick their way through stationary traffic at the lights. The final peak is marked as point X as there is no GPS. There is no additional information to identify this point.
In general, it was noticed that CO levels often built up while waiting on traffic islands to cross the road, but this is hard to identify from the GPS data, despite a number of sample runs where people deliberately waited in the middle of the road. Also worth noting is the fact that there are eleven crossing points when walking around the cycle route, not all of which produced peaks in this example and where there was a peak at a junction, it might disappear on the next circuit.
Effect of mode of transport
Due to the problems of obtaining a GPS fix in the centre of London, a large amount of data was recorded without any position information. Data without any valid GPS position was still useful in determining how CO levels varied at different times of the day, and for analysing the difference in mean recorded levels when cycling and walking.
The mean CO level recorded for a pedestrian and cyclist around the cycle route at the same time of day provides the most directly comparable data, but an alternative method for calculating the cycle/walk ratio is to compare daily averages. The main advantage this has over comparing single routes is that there is significantly more data available for comparison. As the red and blue packs were only given to cyclists and the green and yellow packs to pedestrians, the colour of the pack determines the method of travel. Firstly, the mean CO level measured for the whole day is calculated for each sensor. Then a ratio is calculated for every combination of cyclist and pedestrian for each day. Table 2 shows the mean CO level for each cyclist or pedestrian for all of the packs used each day.
These results show very closely matched ratios for each day, ranging from 0.67 to 1.3. The results for 18 May are surprising as both ratios are less than 1.0, but as they are so similar, there could be a physical explanation for that day.
6 Dealing with mobility
Dealing with tracking data
When analysing the GPS traces, it is apparent that the GPS is not reliable enough to place a sensor on the correct side of the road. The quoted accuracy of the raw GPS data is 20 m. Occasionally, a log file will contain a distinct trace that sticks to the correct side of the road, but the majority meander along the centre of the road, or drift from side to side randomly. For the Marylebone Road walking routes, without looking at the recorded route notes, it is not usually possible to be certain whether the sensor was on the north or south side of the road, unless additional features are present. For the cycle route this is less of a problem as the cyclists are always in the road and the pedestrians always take the same route, although the problem of detecting junctions accurately remains (Fig. 8) .
On the Marylebone Road walking routes, which are virtually straight lines, there are points where the walkers move off line and down a side road in order to cross at a crossing away from the junction. The most noticeable instance of this is on the south side of Marylebone Road at the junction with Baker Street, where the pedestrian crossing is a short distance south down Baker Street (two examples of such a crossing are shown in Fig. 9 ). By recognising certain features present in the data, it is possible to determine which side of the street the samples were taken and also identify when the sensors reach junctions.
When crossing Marylebone Road at the junctions to the east or west of the council building, there is a characteristic that often appears in the GPS trace due to the position of the crossings relative to the road (Fig. 10) .
The significant deviations to the left are a function of where the crossings are placed in relation to Marylebone Road. Both GPS paths are significantly out of position, placing the pedestrian in the middle of the road while he is still waiting to cross. This fact can be seen when the traces are played back in real-time by noting where the GPS position is stationary while the pedestrian is waiting to cross.
The ability to observe these small-scale behaviours from the GPS, despite the gross inaccuracy of the GPS is a great boon to our application: we can use these observations to correct the log files semi-automatically. In the case of the Marylebone Road walking routes, being along the north and south sides of a straight road, it is relatively easy to constrain the path to the correct side of the road, while a similar method can be applied to the figure eight cycle route. This method of correcting the GPS position using knowledge of the route taken has been used to separate the Marylebone Road north and south side data for 5 May 2004. After this correction has been applied, it is possible to attribute the higher CO levels recorded at the east end of the road to the south side, by the bus stops and traffic lights. With GPS being the limiting factor in the analysis of the tracked sensor data, the ability to use this type of additional knowledge significantly improves the resolution. Using a set of simple GPS corrections [15] , physical features on a scale of 5 m can be been extracted from GPS log data that occasionally shows 50 m errors. In summary, it is possible to filter the GPS logs using five levels of knowledge:
1. knowledge of the geographic extent of the trial; 2. knowledge of the building footprints; 3. knowledge of the route undertaken; 4. knowledge of the behaviour of the carrier of the GPS; 5. knowledge of expected correlation with other sensors.
A set of filters have been incorporated in to a tool that allows us to semi-automatically correct GPS log files. For our application this allows to go from plotting maps of pollution at a 20-5 m scale. The 5 m scale allows us to pick out features such as bus stops.
However, with current consumer-grade tracking technologies, there is no ability to go any finer than roughly this 5 m scale. Unfortunately this means that certain effects of CO will likely remain undetectable with mobile pollution sensors. For example, the presence or absence of a CO gradient across a pavement as distance from traffic increases. This sort of micro-scale behaviour can be a significant contribution to personal exposure for a traveller.
Other applications may or may not benefit from such corrections. In our case, because the environmental effect is transient and moves with airflow, it is a very useful correction. With a Wi-Fi signal strength monitoring application, the environmental effect would occasionally be attenuated by people or traffic moving in the direct line between the sensor and the Wi-Fi basestation. However, in general the gradient of signal strength is quite smooth, and fairly even across the width of the road (modulo the distance attenuation of crossing the road). In this case, then, correcting logs to side of the road is probably not necessary, but other types of correction such as route, geographic area and building footprints are useful. Knowledge of the behaviour of the carrier may be useful to filter based on road direction, velocity etc. depending on the type of vehicle they are using, if any.
It needs to be borne in mind that correcting logs is only semi-automatic and sometimes requires capture of other knowledge, such as the rough route being undertaken. For trials with many devices, this may not be tractable, in which case only crude maps may be drawn. We note though, that in Section 1 we motivated the trial by suggesting that devices would be carried by commuters. One of the reasons we suggested commuters, not visitors, is that they often use the same route to work, so the same set of corrections could be re-used and a model of the behaviour of the carrier developed over time.
Affordances of mobile sensors
With the fixed sensor networks currently used for monitoring air pollution, there is a vast amount of data available for a few sites around the country. Current fixed sensor sites are designed to provide 8 h running means in representative parts of the city to ensure that exposure limits are not exceeded. Using a small number of tracked sensors, very fine-grained effects can be sampled in a target area, limited only by the number of sensors and accuracy of positioning. This study was able to make direct measurements of CO, both on the pavement using pedestrians and in amongst the traffic using cyclists, something that is not possible with fixed sensors. Data for a number of CO peaks along various roads were captured multiple times during sampling runs, showing identically shaped CO traces that reduced in magnitude over time. By making a composite map of where CO peaks have occurred, it is possible to determine where problem areas exist. With simple software tools, CO data can be correlated with other data sets such at meteorological information and traffic flow rates to investigate the causes. Some of the potential benefits of using tracked sensors are that it allows us to establish variance bands around the fixed sensors. Because they are fixed, the fixed sensors are probably not at the points of highest or lowest level, so a mobile sensor may be able to locate particular problem areas. Also, a mobile sensor may be able to track more transient phenomena. We believe, though can't establish for certain, that we have managed to track a CO peak moving along a road. In the future we might even speculate that mobile sensors could be sent to investigate such phenomena as they happen.
Conclusions
In this paper, we have investigated the types of environmental monitoring we are able to do with GPS tracked mobile sensors. We have focussed on CO monitoring in a proof-of-concept trial to demonstrate that such monitoring is reliable and provides useful data. We have been able to study the collected data from three different angles: expected geographic variation at a gross scale; small-scale variation when crossing roads and differences between modes of transport. The features we can find match expectations of how CO should vary based on its being created by road traffic. This certainly shows that the use of tracked mobile sensors has potential in monitoring of CO pollution, but we have argued that similar techniques could be employed in monitoring a variety of other environmental effects. The key problem with tracked sensors is that the location inaccuracy masks any fine-scale geographical variation. Nevertheless, we have been able to generate these maps at a 5 m scale with GPS readings that are accurate to roughly 20 m. We have then been able to exploit techniques for correcting GPS readings based on knowledge about the behaviour of participants and knowledge about the environment itself. This has allowed us to start to observe phenomena at a smaller scale. The correction techniques are quite general, but their utility would depend on whether the environmental effect being studied requires resolution below that provided by the sensors. CO varies at a scale smaller than can be accurately resolved with consumer GPS units without semi-automatic correction. With future generations of GPS, it might be the case that we no longer need to correct the logs to monitor CO; however there will always be an environmental effect that we want to monitor that will require higher accuracy than is provided. Currently our tools are offline, but we are working towards making them online. Either offline or online versions of these correction tools will be more generally useful either as an aid to improving the user experience or as a tool to examine behaviour of a mobile application retrospectively.
There is a significant amount of further work to do in determining what types of useful monitoring can be done with large numbers of sensors. We have shown that we can reliably detect certain effects, and these effects are of interest in the environmental science domain. By scaling up the numbers of devices, we could cover a larger area and cover more hours of the working day. Our strategy of using tracked mobile sensors and the techniques we have developed to deal with imprecise location should be applicable to a potentially large domain of monitoring projects that can help us to reveal hidden aspects of our environment.
